Most modern techniques for functional magnetic resonance imaging (fMRI) rely on blood-oxygen-level-dependent (BOLD) contrast as the basic principle for detecting neuronal activation. However, the measured BOLD effect depends on a transfer function related to neurophysiological changes accompanying electrical neural activation. The spatial accuracy and extension of the region of interest are determined by vascular effect, which introduces incertitude on real neuronal activation maps. Our efforts have been directed towards the development of a new methodology that is capable of combining morphological, vascular and functional information; obtaining new insight regarding foci of activation; and distinguishing the nature of activation on a pixel-by-pixel basis. Six healthy volunteers were studied in a parametric auditory functional experiment at 3 T; activation maps were overlaid on a high-resolution brain venography obtained through a novel technique. The BOLD signal intensities of vascular and nonvascular activated voxels were analyzed and compared: it was shown that nonvascular active voxels have lower values for signal peak (Pb10 −7 ) and area (Pb10 −8 ) with respect to vascular voxels. The analysis showed how venous blood influenced the measured BOLD signals, supplying a technique to filter possible venous artifacts that potentially can lead to misinterpretation of fMRI results. This methodology, although validated in the auditory cortex activation, maintains a general applicability to any cortical fMRI study, as the basic concepts on which it relies on are not limited to this cortical region. The results obtained in this study can represent the basis for new methodologies and tools that are capable of adding further characterization to the BOLD signal properties.
Introduction
Since the discovery of the blood-oxygen-level-dependent (BOLD) effect in the early 1990s [1, 2] , MRI has gained great importance in the study of brain function and morphology [3] . The preliminary work by Ogawa et al. was followed by a series of studies that have tried to provide physiological explanations to the BOLD effect theory [4, 5] , as well as a quantitative modeling of the phenomenon [6, 7] . It is known that neuronal activity induces in the local microvasculature transient variations in regional hemodynamics in terms of cerebral blood flow, cerebral blood volume and blood oxygenation [8, 9] . In particular, activation causes a temporary rise in the oxygenation level, with consequent decrease in blood deoxyhemoglobin (dHb) content. Since dHb acts as a paramagnetic intrinsic contrast agent, the final result is a typical increase in the MR signal [10] .
However, one of the main issues related to BOLD functional magnetic resonance imaging (fMRI) is that the spatial relation between cortical activation sites and the location of task-related hemodynamic changes is uncertain [11] . As a consequence, BOLD activation maps may be corrupted by venous artifacts, and concern about the actual meaning of fMRI images arises [12] . These issues suggest caution when using the results of BOLD fMRI, especially for specific applications such as neurosurgery [13] where high confidence and high reliability in the maps provided by functional studies are required.
So far, several attempts have been made to investigate the relationship between BOLD activation and vascular structures. All of these studies faced the problem by merging information obtained from anatomical and functional MR scans and by trying to characterize the signal coming from vascular regions.
In a study conducted by Hlustik et al. [14] , several subjects were scanned at 1.5 T during a motor task (finger tapping). Magnetic resonance angiograms were acquired as 2D phase-contrast angiograms (PCAs), and these were used to remove venous-activated regions. The highest resolution of PCA, though, is limited by the minimum detectable flow determined by scanner sensitivity [15] . Moreover, pulse sequence and velocity encoding have to be chosen to maximize scanner sensitivity to blood flow measures within a specific range of vessel diameters [16] . Finally, to account for the different resolutions of the angiograms and functional images, the former was smoothed with a Gaussian filter, with further loss of in-plane resolution.
In Krings et al. [17] , the process of venous-activated voxel detection was performed using, as anatomical references, a PCA and a set of contrast-enhanced T 1 -weighted images, which were acquired after the injection of gadolinium diethyltriaminepentaacetic acid. The results of this study show that venous voxels have a higher percentage of signal change and a longer signal rise time. This study has the same limitations associated with using PCA, as discussed above, while the improved information provided by the contrast-enhanced images is obtained at the expense of the increased invasiveness of the exam.
Hall et al. [18] used a 3-T scanner and performed tissue classification into four categories through a gray-level thresholding procedure on different kinds of MR images. Venography was performed with time-of-flight (TOF) venous-weighted images, with the venous weighting determined in accordance with the phase-masking method described by Reichenbach et al. [19] . However, the logistic regression proposed in their work depends on parameters obtained by γ-curve fitting and not on actual MR signal. Thus, this approach lacks general validity. This limitation is of particular concern in light of the fact that the BOLD signal curve changes with the basic aspects of experimental design (e.g., block-or event-related designs) [20] Thus, different analytical functions have been used to fit BOLD time series, such as boxcar functions [21] , sinusoids [22] or others obtained from the linear model theory [23] .
We propose a method that exploits the enhanced performance of a modern 3-T scanner with optimal pulse sequence parameters to obtain high-resolution (b0.5 mm, in-plane) brain venography. Combining morphological and vascular information with the functional datasets on a pixel-by-pixel basis, we managed to quantify with high accuracy the venous content of each activated voxel and to characterize the signal. A correlation study between signal and stimulus duration uncovered different response patterns when comparing venous and nonvenous voxels. These results support the use of this method in characterizing venous-activated voxels with high precision, without the need for invasive procedures or contrast agent injections.
Methods

Subjects and task
Six healthy volunteers (aged 23-65 years) were provided with acoustic stimulation during an fMRI experiment; all subjects gave prior written consent. The acoustic stimulation was programmed with the commercial software Presentation (Neurobehavioral Systems, Inc., Albany, CA) and delivered to the subjects by means of headphones.
The stimulation pattern consisted of a 1000-Hz tone with 2-s duration, followed by a rest period lasting 18 s, for an overall time of 20 s. This pattern was repeated 20 times consecutively, and the results of all runs were averaged to increase the signal-to-noise ratio (SNR). The beginning of the stimulation was preceded by a 20-s period of rest as baseline. The total time of the functional scan was 420 s.
The repetition time of the stimuli was set to 20 s in order to avoid the response overlapping of two consecutive stimuli and to allow for an event-related experiment [24] .
MR scans
The subjects were imaged with a GE 3-T Signa (General Electric, Fairfield, CT) clinical scanner using head coils.
Two sets of high-resolution anatomical images were acquired for each subject, namely, T 1 -weighted and T 2 ⁎-weighted images. Both datasets were made up of 40 images covering the same volume and corresponding to the regions of the auditory cortex.
The T 1 -weighted images were obtained with a 3D spoiled gradient recalled echo (SPGR) sequence with the following imaging parameters: T R =18 ms, T E =3 ms, flip angle=15°, field of view=24×24 cm 2 , image matrix=512×512, voxel size=0.47×0.47×1 mm 3 , scan time=3 min 26 s. The T 2 ⁎-weighted images were also acquired with a 3D SPGR sequence. Imaging parameters were as follows: T R =30 ms, T E =25 ms, flip angle=25°, field of view=24×24 cm 2 , image matrix=512×512, voxel size=0.47×0.47×1 mm 3 , scan time=7 min 34 s.
For the functional scan, a gradient-echo (GE) echo planar imaging (EPI) sequence was used throughout the stimulation, which gave sets of 10 T 2 ⁎-weighted axial slices [25] . The imaging parameters were as follows: T R =1 s, T E =30 ms, flip angle=90°, field of view=20×20 cm 2 , image matrix=64×64, voxel size=3.7×3.7×3 mm 3 . Four hundred twenty volumes were acquired for each subject, with a sampling time of 1 s.
Image processing
The images were assembled with AFNI software [26] into two anatomical datasets (T 1 weighted and T 2 ⁎ weighted) and a functional dataset.
The functional dataset was first registered with a rigidbody algorithm available in AFNI to correct movements of the subjects during the functional study. The registered dataset was then averaged, obtaining a dataset made up of 20 volumes sampled every 1 s.
The T 2 ⁎ anatomical dataset and the functional dataset were resampled at a common scale (2 mm) in order to obtain two datasets with the same number of voxels. The T 2 ⁎ anatomical dataset was then registered to the functional datasets. The rigid transformation was applied to the original high-resolution T 2 ⁎ anatomical dataset to avoid the interpolation or filtering of the functional dataset.
The T 1 -weighted anatomical dataset was registered to the T 2 ⁎-weighted anatomical dataset.
Scalp stripping was performed on both anatomical datasets by means of a brain segmentation procedure.
The T 1 -and T 2 ⁎-weighted anatomical datasets were filtered with an anisotropic diffusion filter [27] in order to increase the SNR of the images and to make the following segmentation procedure more reliable.
A fuzzy C-means clustering procedure [28, 29] was applied to the T 1 and T 2 ⁎ anatomical datasets, setting the number of clusters to three. The three clusters correspond to the three tissues making up the brain: white matter, gray matter and cerebrospinal fluid (CSF). Indeed, as veins produce low MR signals because of local spin dephasing [30] , in the T 2 ⁎ dataset, the cluster with the lowest intensity level includes also veins along with the CSF (see the Discussion section). The fuzzy segmentation was transformed into a hard segmentation by assigning each voxel to the tissue with the highest membership function. Venous vessels were then segmented by subtracting from the voxels of the CSF+veins class in the T 2 ⁎ dataset those belonging to the CSF class of the T 1 dataset.
Data analysis
In the functional datasets, activated areas were found through cross-correlation of the voxel time course with a model function r(t), obtained through convolution of the stimulus and the γ-variate hemodynamic function as used by Cohen [23] . A correlation threshold of r =.75 was used as the statistical threshold (Pb2.2×10 −4 , uncorrected). The time series of the activated voxels were expressed as percent change from the baseline, with the latter calculated as the mean of the signal in the rest period preceding the start of the stimulation.
Merging the high-resolution venous map with the activation map, it was possible to assess whether each active voxel was associated with a macroscopic vein. Active voxels were thus classified either as "venous" or as "nonvenous"; "venous" voxels are those found in correspondence with macroscopic veins detected by the segmentation procedure, while "nonvenous" voxels are those for which no macroscopic vein was detected. The peaks and the areas under the signal of these two classes were compared through a t test. The area under the signal was estimated as the sum of all the signal values sampled at 1 s and expressed in arbitrary units.
Results
The analysis of MR images revealed functional activation of the auditory cortex in all subjects. Fig. 1 shows representative regions of activation developing bilaterally in the auditory cortex of S4. Activation was strongly clustered into two or three distinct areas partly corresponding to Heschl's gyri, indicated by location, length and inclination, as recognizable from a visual comparison with anatomical atlases of the brain. These results are typical of those observed in other experiments utilizing auditory stimuli [31] . Table 1 summarizes the major results of all subjects. A variable quantity of activated voxels was found across subject datasets, with a mean value of 71 (±43.6 S.D.). The mean percent signal peak in all subjects was in the range 1.2-2.9%. Fig. 2 shows the average time course for the "venous" and "nonvenous" active voxels for all subjects (Fig. 2 , left-hand side, S1-S6). Of note, in the mean time course of three subjects (S3, S4 and S6), a poststimulus undershoot is evident. The plot on the right-hand side ('Average') of Fig. 2 illustrates instead the average of the mean time series of all subjects.
Venous and nonvenous voxels were found in different proportions across the subjects. The percentage of nonvenous voxels in each subject ranged from 18% to 56% (Table 1) . Fig. 3 shows, as an example, the brain venous vasculature underlying regions of activation for one brain section. The vasculature is depicted as a projection of the venogram obtained from the vein segmentation performed as described in the Methods section.
Finally, Figs. 4 and 5 represent the histogram of the values of the peaks and areas under the curve for the populations of vascular and nonvascular voxels across all subjects. It can be appreciated how both, in the case of the peaks and the areas, the nonvascular voxels tend to show lower values with a small spread, while the vascular voxels present a higher mean value with a wider dispersion. The average values of the peaks of the nonvenous and venous populations are, respectively, 1.4% and 2.3%, while for the areas, the values are 5.5% and 9.3%. Student's t test statistics revealed highly significant differences in the values of the peaks and the areas between these two populations (Pb10 −7 for peaks and Pb10 −8 for areas).
Discussion
The main aim of this work was to better clarify the nature of BOLD functional activation through a highly accurate comparison between activated areas and underlying venous vasculature by means of the methodology described in the Results section. The results found indicate a direct relationship between the BOLD signal intensity and the venous content of active voxels, which is an important feature characterizing the BOLD signal and possibly filtering large vessel artifacts from activation maps. By processing highresolution datasets and using high-field MRI, it was possible to depict the brain vasculature at a very high resolution, thus giving high sensitivity to the method and obtaining significant and consistent results.
The problem of determining whether BOLD-related activity is of venous nature or corresponds to cortical activation has been addressed using a variety of methodologies [14, 18, 32] . An experimental approach to the problem requires an accurate depiction of the brain vasculature, in order to properly merge the information of the functional and anatomical datasets.
The analysis of the brain vasculature, however, is made difficult by its complex and intricate architecture [33] : the dimensions of the vessels, in fact, span over four orders of magnitude [34] , from several microns of capillaries, to several tens of microns for venules and arterioles, to several hundreds of microns for small pial arteries and veins [35] .
Recently, several brain angiography techniques have been described [15] . In our work, the approach used to extract the brain vasculature from the anatomical dataset is based on high-resolution BOLD venographic imaging. Similar attempts have also been reported in literature [36] [37] [38] . Differently from techniques based on flow detection such as TOF [39] or PCA [40] , BOLD venography uses venous blood as an intrinsic contrast agent -thanks to the paramagnetic properties of dHb.
An early study by Baudendistel et al. [41] at 1.5 T showed the feasibility of comparing BOLD venograms with EPI functional images. In this work, the authors were able to show a close spatial relationship between functionally active areas and the brain vasculature identified through BOLD venography. However, no quantitative analysis of functional signal was provided in this work, nor was the brain vasculature extracted with a segmentation procedure in order to relate it directly with the functional response. Our study expands the possibilities of analysis offered by the joint usage of BOLD venography and EPI functional experiments.
The major feature of BOLD venography is the low MR signal of veins, which makes them easily identifiable in images and well characterized for segmentation purposes. Table 1 Number of active voxels, mean signal peak and percentage of nonvenous voxels of each subject (S1-S6) and across all subjects (total) S1 Moreover, the use of a high-field magnet at 3 T enhances tissue contrast and the visibility of small vessels [42] . Still, a T 2 ⁎-weighted SPGR sequence with short T R and long T E , as indicated by Reichenbach and Haacke [38] , has a drawback -it gives rise to a low CSF signal, which assumes values comparable with those of venous blood. CSF is, in fact, characterized by long transverse and longitudinal relaxation times [43, 44] , so that a short T R tends to suppress CSF signal, while transverse relaxation is negligible on a time scale on the order of tens of milliseconds. Blood relaxation times are shorter than those of CSF [45, 46] ; in particular, the transverse relaxation rate is quite high such that a rapid blood signal drop is generated. As a result, if a clustering algorithm with three clusters is run on such a dataset, it will segment white matter and gray matter correctly, but it will include venous blood and CSF voxels in the same class. In order to exclude the CSF from the vein segmentation, we acquired a T 1 -weighted dataset to segment the CSF. The good contrast of the T 1 -weighted dataset allows for an effective segmentation of CSF by the clustering algorithm. This important information can be obtained with a small increase in the total acquisition time, since the T 1 -weighted sequence was very fast (about 3 min) and thus provided limited inconvenience for the subject due to longer acquisition time.
Fuzzy C-means algorithm was chosen for tissue segmentation since it is an easy, effective and unsupervised method [28] that does not need the definition of arbitrary parameters. To improve the results of the segmentation process, the noise content of the anatomical images was reduced through the use of an anisotropic diffusion filter. This filter is able to suppress image noise while at the same time preserving object boundaries [47] -an important feature of the kind of analysis that we performed.
Another issue related to EPI scan is image warping [48] . While warping does not affect the ability to detect functional activation, it can provide imprecise information on the location of cerebral activity. To assess the amount of image distortion, a test was preliminarily performed. On a single subject, EPI images were acquired and then corrected with a procedure similar to that described in Jezzard and Balaban [49] . It was found that in the scanned volume of interest, very little distortion occurred (about 1% in the phase-encoding direction), and the difference in the volume registrations of warped and unwarped images was negligible. It was decided, therefore, not to include in the experimental paradigm a fourth acquisition in order not to lengthen scan time excessively. This decision does not affect, however, the classification of active voxels as "venous" and "nonvenous," since the venogram resolution is much higher than that of functional images, and small misplacing of an active voxel is very unlikely to change its belonging to either class.
The amount of signal drop in a voxel containing venous blood depends on several parameters, such as blood volume fraction and inclination of the vessel with respect to the main magnetic field. It was demonstrated that at 1.5 T (T R =57 ms, T E =40 ms, flip angle=25°), the minimum venous volume fraction that makes the voxel signal magnitude significantly lower than that of gray matter is as small as 10-15% [38] . The minimum vessel size that can be detected with the help of BOLD venography can be assessed with a two-compartment model of the BOLD signal. For our experiment, it can be shown that, after phase masking, veins with a blood volume fraction of just 5-10% show significant contrast with brain tissues. With a spatial resolution of 0.5×0.5 mm 2 , this means that the methodology is able to detect the presence of a vessel with a diameter around 130-180 μm. The following anisotropic diffusion filtering does not alter the minimum detectable vessel size, since its only effect is to reduce the noise content while preserving image features.
BOLD venography is a powerful technique, but it is still not capable of depicting brain venules in their smallest dimensions. There currently remains great interest in the study of brain microvasculature, as the analysis of the venous structures at the tens-of-microns level has resulted in a useful assessment of angiogenesis [50] and diagnosis of intracranial tumors [51] . For these reasons, other techniques have been Fig. 5 . Histograms of the signal area for vascular and nonvascular voxels across all subjects (n=6).
developed in order to improve the resolution of venograms, utilizing either ultra-high-field scanners [52] or vessel size imaging [53] .
Many activated brain areas were found to be concomitant with the brain microvasculature, so that the number of vascular voxels was sufficient to allow for statistical inference. Conversely, it was very helpful to repeat the experimental paradigm a great number of times [20] , since the averaging procedure provided signals with a low noise content, permitting a reliable estimation of the signal features (peaks, areas and undershoot) without the need for curve fitting and additional approximation and errors in the assessment.
The maximum signal change in the activated voxels exhibited in each subject a high variability, which, far from being of random nature, was significantly correlated with the variability of the correspondent venous volume fraction. Current theoretical models predict that BOLD functional signal is bound to increase with increasing blood volume fraction [54] . A higher voxel venous content enhances, in fact, the intravascular contribution to BOLD signal and, at the same time, broadens the volume in which the extravascular effect is active. However, if the vessel is large enough, part of the volume affected by the extravascular effect might extend beyond the voxel limits and have no influence on the voxel signal. If the blood volume fraction is further increased, the increase in the intravascular contribution is counterbalanced by the reduction in the extravascular contribution, and the BOLD signal shows no net increase. In this situation, the long-range effect of large vessels is such that a BOLD signal is measured in the neighboring pixels; this is consistent with the fact that BOLD signal enhancement has been observed in areas with no vessels but close to vascular structures [55] .
Although the relationship between BOLD functional response and blood volume fraction is straightforward, in practice, several other phenomena influence the measured BOLD signal, including diffusion [56] , inflow effects [57] , blood pulsatility [58] , scanner noise [59] and so on. As a result, the measured signal may differ from what it is expected, since each of these sources of noise has a different impact on BOLD signal according to the vessel size.
The capability of BOLD fMRI to detect specifically cerebral active areas is related to the extent of the region in which hemodynamic changes occur. Functional activation following external stimulation induces local modifications in blood flow and oxygenation of the capillary beds adjacent to neuronal activity, but these changes may propagate downstream in the brain vasculature and appear in large draining vessels far from the original active areas [60, 61] . To increase the specificity of BOLD functional analysis, it is necessary to eliminate, therefore, the macrovascular contribution.
The intravascular and extravascular contributions to BOLD functional signal appear in both small and large vessels [32, 62, 63] . GE and spin-echo (SE) functional techniques, though, are differently sensitive to these contributions, since SE techniques refocus static spin dephasing around the vessels, thus eliminating selectively the extravascular signal coming from large vessels . The intravascular contribution is present instead with both techniques, since it is due to the increase in blood T 2 and T 2 ⁎ caused by oxygenation increase.
The intravascular contribution can be eliminated by using high-magnetic-field imaging, since blood transversal relaxation rate increases much faster than that of other tissues with increasing field strength [64] . The intravascular contribution to the BOLD functional signal can be assessed through diffusion-weighted functional experiments: with this approach, it was demonstrated that, at low-field blood, effects on large vessels are the largest sources of BOLD signal [65, 66] . The results of our work are therefore coherent with these findings. At higher fields, it is possible to completely suppress blood signal with a correct choice of echo time [67, 68] .
In three of the six subjects, a poststimulus undershoot was observed in the mean signal. This phenomenon, observed already in the earliest studies on fMRI [2, 69] , is explained through delayed postactivation vascular compliance [70, 71] caused by transient uncoupling of oxygen metabolism and blood flow [72] . Noticeably, although the model function used to detect functional activation ignores the presence of a poststimulus undershoot, it was able to detect activated areas correctly.
The experimental correlation found between venous blood and BOLD response intensity stresses the role of venous blood as a major source of functional BOLD signal. Venous artifacts filtering based on BOLD response intensity thus finds a further experimental fundament in the results of this work. In agreement with the results of Hlustik et al. [14] , in fact, it was evidenced how the response intensity of parenchymal activation tends to show a different range of values compared to vascular activation, and that vessels with different sizes give rise to different signals. However, as observed also by Hall et al. [18] , venous BOLD signal is more intense only on a statistical basis, so that effective separation of venous-activated voxels is not immediate. To this purpose, other features of the BOLD signal, such as signal phase [73, 74] or signal delay [75] , have also been investigated.
Signal delay, in particular, has been considered indicative of BOLD signal nature, since, in large draining vessels, the hemodynamic changes that originate BOLD contrast occur on a longer time scale [24] . It is still under debate as to whether this property can be effectively used to discriminate venous vessels in BOLD maps, although an early study [75] seemed to demonstrate that this could be a viable option. However, successive studies found that the distributions of delay and response intensity across different tissues are not very different [18] and that longer venous delays occur on average and not for each single voxel [76, 77] , resulting in overlap in delays for venous and nonvenous regions.
Our study focused on investigating the relationship between functional response intensity and brain vasculature, so the experimental paradigm was designed to characterize in the best way the response signal intensity, and not other features of the functional signal such as signal delay. However, it was found that, in all subjects, venous voxels have a larger average delay, although the delay difference results within the sampling time. It must be considered anyway that, in our work, the functional response was characterized with parameters measured directly on the original time series, so that all timings are necessarily expressed as multiples of the repetition time T R . Besides, an inspection of time courses shows that their noise content is too high to calculate the time-to-peak directly, since the time series evidence signal deviations from a theoretical "smooth" curve. Noise suppression through time series averaging was therefore effective as far as response intensity was concerned, while it was not as effective when assessing the signal time-to-peak. To correctly estimate this parameter, other data processing procedures such as frequency filtering or curve fitting would be required. This is, however, beyond the scope of our work.
In conclusion, this methodology exploits advanced highresolution venographic techniques to provide characterization of the BOLD signal, which is useful in discriminating large draining vessels and in suppressing venous artifacts in activation maps. In this way, more precise and reliable information on the location and extent of activated areas can be obtained from fMRI studies. The method described in this article could be included among the techniques of neurofunctional image processing, as the principles on which this method is established are general and have no reference to a specific kind of functional experiment.
